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It has been suggested that a relatively high gain of the Ia input can give rise to undesired resonance in the motor output (Christakos et al. 2006; Erimaki and Christakos 2008; Lippold 1970) . Such resonance may arise because even a relatively small variability in the output of the motor neurons is always reflected mechanically (Negro et al. 2009 ) and fed back to the motor neurons via afferent pathways (Hagbarth and Young 1979) with a considerable delay. When considering cocontraction of pairs of antagonist muscles, such resonance may be amplified by several mechanisms. First, reciprocal inhibition determines excitation in the agonist muscle and inhibition of the antagonist (Jankowska 1992) . This mechanism evokes opposing behavior of the antagonist muscles, promoting the resonating activity in both muscles with opposite signs, thereby potentially enhancing its reflection in the motor output. Furthermore, the stretch-sensitive afferent feedback from each of two antagonist muscles would be expected to reflect a negatively correlated pattern, since active muscle shortening (typically associated with a decrease in Ia activity) requires lengthening of the antagonist muscle (typically associated with an increase in Ia activity). It should be noted, however, that factors such as modulation of gamma motor neuron drive and muscle contraction absorbed by the compliance of tendons (Zajac 1989 ) may confound a direct inverse relation between the two afferent drives. Nevertheless, these considerations suggest that a high reflex gain allowing effective compensation for perturbations implies an inherent instability when maintaining a steady contraction, in particular in the presence of cocontraction. This hypothesis has previously been proposed, although not directly verified (Nielsen and Kagamihara 1993) .
The synaptic strength of the afferent input to motor neurons is not fixed but is commonly observed to change systematically depending on the context of the contraction. This is often termed reflex task dependence. For example, reflex amplitudes are higher during dynamic movement compared with matched isometric contractions (Baudry et al. 2010; Baudry and Enoka 2009; Bawa and Sinkjaer 1999) , and the afferent gain was observed to increase in parallel with the instability of a dynamic task (Pinar et al. 2010) . In this study, we hypothesized that these task-dependent changes in the magnitude of the afferent input to motor neurons reflect a deliberate strategy of the CNS: when a task is performed in an unstable environment, the afferent gain is high to minimize the impact of external perturbations at the expense of the risk of motor system resonance. In contrast, in a stable environment where perturbations are not a risk, steadiness can be optimized by decreasing the afferent gain. We explored this hypothesis with a novel computational model.
METHODS
The model was implemented as an antagonistic muscle pair acting on a limb with one degree of freedom. Motor neuron activity determined the muscle activity, and proprioceptors in the muscle provided afferent feedback to the spinal cord. In the simulations presented here, descending synaptic input was projected to either one or both of these muscles. In the first case the active muscle shortened, implying a passive stretch of the antagonist, whereas both muscles cocontracted in the second case. In this way, the model allowed detailed study of the interaction between the neural drive, the mechanical response, and the afferent feedback when maintaining a steady position and when the limb is perturbed by an external force. The model was implemented in MATLAB 2013a (MathWorks). Model sampling rate was set to 1,000 Hz.
The body of knowledge currently available in the literature did not permit sufficiently accurate identification of the large number of model parameters for the model to reflect one specific set of muscles. Instead, the model aimed at approximating the characteristics of typical distal muscles of the upper limb. For this reason, the two antagonist muscles were implemented using similar parameters. Figure 1 depicts the data flow (Fig. 1A) , the neuromuscular connections (Fig. 1B) , and the biomechanical elements (Fig. 1C) of the model. The output of the two motor neuron populations determines the agonist/antagonist forces from which the dynamics of the muscle and tendon units are estimated. Afferent feedback is based on these mechanics. The motor neurons receive supraspinal input, while afferent feedback is mediated by monosynaptic excitation from Ia fibers (Finkel and Redman 1983; Jack et al. 1971; Schieppati 1987) as well as reciprocal disynaptic inhibition from Ia fibers (Crone et al. 1987; Jankowska and Roberts 1972; Katz et al. 1991) and nonreciprocal disynaptic inhibition from Ib fibers (Eccles et al. 1957; Powers and Binder 1985) . The model is explained in detail in the following sections, after which the simulation settings and the methodology for the signal analysis are described.
Spinal neuron population. Neurons were simulated with HodgkinHuxley-type models (Cisi and Kohn 2008; Negro and Farina 2012 ).
This type of neuron model was chosen over simpler, less computationally heavy models as it has the most realistic amplitude and phase response (Goroso et al. 2000 ) (see also APPENDIX). In the model, each neuron consisted of two compartments (soma and dendrite) for motor neurons and one compartment (soma) for interneurons with six conductances (leak conductances for the soma and dendrite, compartment coupling conductances between the 2 compartments, and 3 voltage-dependent conductances, sodium Na, fast potassium K f , and low potassium K s ) and four state variables (m, h, n, q). Membranespecific capacitance was set to 1 F and axial resistivity to 70 ⍀cm. The soma-specific resistance ranged from 1.15 to 0.65 k⍀cm 2 and the dendrite-specific resistance from 14.4 to 6.05 k⍀cm 2 . Equilibrium potentials were 120 mV for sodium and Ϫ10 mV for potassium. The equilibrium potential of the membrane and leakage voltage were set to 0 mV. Ranges of parameters were adopted (Cisi and Kohn 2008) , and exponential distributions across the motor neuron population were applied (Fuglevand et al. 1993 ). The pulse-based simplification used in the original model (Destexhe 1997) was removed, and a full formulation, previously proposed Traub and Miles 1991) , was used instead. The differential equations of the model were solved in MATLAB 2013a with the function "ode15s."
One hundred eighty motor neurons innervating each muscle were simulated, as intrinsic hand muscles have been reported to be innervated by a number of motor neurons in the range 90 -300 (Christensen 1959; Feinstein et al. 1955; Santo Neto et al. 1985) . Efferent and afferent axonal lengths were set to 1 m. Alpha motor neuron axonal conduction velocity depends on neuron size (Barret and Crill 1971; Cullheim 1978; Hodes et al. 1949) , and in animals muscles are typically innervated by many small and fewer large neurons (Gustafsson and Pinter 1984; Heckman and Binder 1988; Hodes et al. 1949) . In humans, this is reflected in a skewed distribution of motor unit twitch force amplitudes toward low values (Milner-Brown et al. 1973; Monster and Chan 1977; Stephens and Usherwood 1977) , as the motor neuron size determines its innervation number (Henneman and Mendell 2011) . Therefore, the conduction velocities were set according to an exponential distribution in the range 70 -110 m/s (Barret and Crill 1971; Cullheim 1978; Heckman and Binder 1988) (mean: 78 Ϯ 10 m/s). The number of interneurons (including Renshaw cells) mediating reciprocal inhibition for knee flexors has been estimated to a few hundreds (Jankowska 1992) . Under the assumption that this number is proportionally smaller for a smaller muscle, 60 inhibitory interneurons and 60 excitatory interneurons were implemented for each muscle. Each interneuron mediating reciprocal inhibition from Ia afferents was assumed to project to 20% (uniformly randomly assigned) of the motor neurons (Jankowska and Roberts 1972) , while each interneuron innervated by Ib afferents was assumed to evoke nonreciprocal inhibition in 40% of the motor neurons (Eccles et al. 1957) .
Supraspinal input to the motor neuron population was simulated by injecting currents into the soma compartment of the motor neurons. Low-pass filtered (Ͻ100 Hz; Negro and Farina 2011) white noise was imposed on this current, for which the standard deviation was set proportional to the mean value of the injected current and adjusted so that the coefficient of variation for the motor neuron interspike intervals was between 10% and 30% (Clamann 1969; Matthews 1996; Moritz et al. 2005) . Similarly, zero-mean white noise (standard deviation: 0.15 nA, low-pass filtered Ͻ 100 Hz) was injected into the interneurons to represent the many types of excitatory and inhibitory synaptic inputs received by these neurons (Harrison and Jankowska 1985) . The variability of the noise was adjusted so that action potentials only sporadically occurred [discharge rate Ͻ 2 pulses per second (pps)] without Ia or Ib activity (Jankowska 1992) .
When an action potential occurred in an afferent fiber or in an interneuron, an excitatory (EPSC) or inhibitory (IPSC) postsynaptic current was injected into the soma compartment of the receiving motor neuron. While synaptic connections from interneurons primarily are located on the soma of the motor neuron (Burke et al. 1971 ), Ia monosynaptic connections project to both the soma and the proximal dendrites (Brown and Fyffe 1981) . However, in our model all synaptic currents were injected into the soma compartment, as the dynamics of the implemented synaptic currents were all based on measurements from the soma (Finkel and Redman 1983; Stuart and Redman 1990) . As the rise times of these currents are very short (Finkel and Redman 1983; Stuart and Redman 1990) , they were modeled as an exponential decline with a duration of 10 ms and the highest time constant for inhibitory currents (Curtis and Eccles 1959) . The time constant () was set to 1 ms and 0.5 ms for inhibitory (Stuart and Redman 1990 ) and excitatory (Finkel and Redman 1983) currents, respectively. Baseline peak-current amplitude (PSC baseline ) was varied across simulations (see Simulation paradigms and analysis) and was set to either 1 nA (low gain) or 2 nA (high gain). In the low gain condition, the average motor neuron discharge rate in isometric contractions was reduced by ϳ25% in the absence of afferent feedback. This decline is slightly below what has been observed experimentally (Gandevia et al. 1990; Macefield et al. 1993) . These values were slightly higher than experimentally observed in cats (average ϳ0.4 nA; Finkel and Redman 1983). The baseline IPSC amplitude for all motor neurons in membrane resting potential was set to Ϫ2 nA (Stuart and Redman 1990 Fig. 1 . Model structure. A: data flow in the model; the boxes represent submodels. The input to the model is the descending input arriving at the motor neuron (MN) population, while the output is the mechanical action of the limb (represented as the length of the musculotendon segments). The descending drive triggers alpha motor neuron activity that determines muscle force. Force determines the musculotendon mechanics, based on which the activity of the muscle spindles is estimated, which is fed back to the motor neurons via Ia fibers, thereby closing an afferent loop. Gamma motor neuron activity controlled the muscle spindle responsiveness to muscle mechanics, while force was also determined by the muscle dynamics (force-length and force-velocity relations). The Golgi tendon organs (GTO), whose activity was determined by the muscle force, represented another closed loop, providing feedback via interneurons (IN). B: physiological representation of the model structure. Two motor neuron populations receive input from supraspinal centers (descending drive) and innervate an antagonist muscle (MS) pair. Excitatory input is received via homonymous Ia fibers, while inhibitory feedback is mediated by interneurons innervated by homonymous Ib fibers and heteronomous Ia fibers (reciprocal inhibition). C: mechanical model of the muscle and tendon dynamics. For each muscle, the force generating unit (F) was in parallel with a viscoelastic (B) and a resistive (K) element and in series with a resistive element representing the tendon. Subscripts T1, T2, M1, M2 indicate tendon or muscle from the agonist (1) or the antagonist (2), respectively. The limb is represented as a mass (M).
random variable representing the variability in synaptic strength (SS). This random variable was selected from a lognormal distribution (mean: 1, variance: 1) (Kuno and Miyahara 1969; Mendell and Henneman 1971 
where t 0 is the timing of the action potential and mp is the neuron membrane potential expressed in millivolts. Monosynaptic Ia projections to the motor neurons are often strongest for high-threshold neurons (Collins et al. 1984; Heckman and Binder 1988; Mazzocchio et al. 1995) , whereas less systematic variability is present across the neuron population afferent projections mediated via interneurons (Heckman and Binder 1991; Powers and Binder 1985) . In the model, Ia homonymous synaptic strength varied twofold depending on motor neuron membrane input resistance. Synaptic strength of the interneuron input to the motor neurons was not dependent on neuron size. Finally, elevated levels of presynaptic inhibition of Ia feedback to the motor neuron population of relaxed antagonist muscle, causing a depression of the response amplitude in the range 30 -70%, have been reported Meunier 1999; Ruegg 1989 ). Therefore, the Ia baseline EPSC amplitude was reduced by 50% when a motor neuron population did not receive supraspinal excitation. Proprioceptors. Ia afferent activity was simulated based on the gamma drives and the simulated muscle dynamics according to the model developed by Mileusnic and colleagues ). In this model, the muscle spindle output was based on the dynamics of intrafusal bag 1 , bag 2 , and chain fibers that were determined by muscle length as well as the static and dynamic gamma inputs. The differential equations of the model were solved in MATLAB 2013a with the function "ode15s." Given a muscle spindle density in human hand muscles of ϳ12/g (Banks 2006 ) and assuming a muscle weight of 4.5 g (Jacobson et al. 1992) , the number of muscle spindles in each of the two antagonist muscles was set to 54, each supplied by one static and one dynamic gamma motor neuron (Kakuda and Nagaoka 1998; Matthews 1962) . During dynamic contractions gamma motor neuron discharge rates can be divided into two subgroups on the basis of their behavior. Phasic gamma motor neurons exhibit dynamics in the discharge pattern similar to the alpha motor neurons, while the activity of tonic gamma motor neurons remains stable (Appenteng et al. 1980; Gottlieb and Taylor 1983; Murphy et al. 1984 ). In the model, static gamma motor neurons were assigned phasic behavior and dynamic gamma motor neurons tonic behavior (Bessou et al. 1990; Murphy and Hammond 1993 ). In the model, phasic and tonic gamma motor neuron discharge rates were modeled based on the instantaneous and average discharge rate of randomly assigned alpha motor neurons, respectively. For tonic gamma motor neurons, noise was imposed in order for the discharge rates to exhibit variability similar to that of alpha motor neurons. To maintain stable muscle spindle responsiveness when the muscle was shortened due to active contraction, the gamma discharge rate was obtained by scaling the alpha discharge rate by a factor of 6 (determined in pilot simulations). Accordingly, the average gamma discharge rate has been reported to be several magnitudes higher than average alpha motor neuron discharge rates (Appenteng et al. 1980; Lund et al. 1979; Murphy 2002) . Average gamma fiber axonal conduction velocity is in the range 10 -25 m/s (Andrew and Part 1972; Appenteng et al. 1980; Murphy et al. 1984; Russell 1980) . Therefore, a 65-ms delay between the arrival of concurrently generated alpha and gamma action potentials at the muscle was employed. Individual values of Ia axonal conduction velocity were randomly selected from a normal distribution (105 Ϯ 10 m/s) (Heckman and Binder 1988; Hunt 1954; Powers and Binder 1985) . Each Ia afferent fiber projected monosynaptically to all motor neurons (Mendell and Henneman 1971; Nelson and Mendell 1978; Watt et al. 1976) and to 40% of the Ia inhibitory interneurons (Czarkowska et al. 1981; Jankowska et al. 1981) (Fig. 1B) .
Ib afferent activity was simulated based on active muscle forces, according to the model developed by Mileusnic and Loeb (2006) . The set of nonlinear equations in this model were solved in MATLAB 2013a with the function "fsolve." As the ratio between the number of muscle spindles and Golgi tendon organs in mammalian hand muscles is ϳ3:1 (Devanandan et al. 1983) , the number of Golgi tendon organs in each muscle was set to 18. In this way, the ratio between the number of large-diameter afferents (Ia and Ib) and alpha motor neurons was ϳ0.6:1, as experimentally observed (Bromberg 2003) . The number of muscle fibers inserting into each Golgi tendon organ was randomly selected from a normal distribution (15 Ϯ 3), as 10 -20 muscle fibers per receptor were found in peripheral muscles of humans (Bridgman 1970) and in several animal muscles (Jami 1992). The motor units to which these fibers belonged were randomly selected. Single-muscle fiber force was defined as the motor unit force divided by its innervation number. Individual values of Ib axonal conduction velocity were randomly selected from a normal distribution (84 Ϯ 8 m/s) (Hunt 1954; Jami 1992; Powers and Binder 1985) . Similarly to Ia afferent fibers, each Ib afferent fiber projected to 40% of the excitatory interneurons of that muscle (Czarkowska et al. 1981; Jankowska et al. 1981) (Fig. 1B) .
Muscle force and limb mechanics. The motor unit force was simulated based on the alpha motor neuron discharge rate with the isometric force model developed by Fuglevand and colleagues (Fuglevand et al. 1993 ). The motor unit force was scaled according to force-length and force-velocity relations (Zajac 1989 ) and scaled to be expressed in newtons. Maximum voluntary contraction level (MVC) was set to 40 N, assuming a specific muscle tension of 22.5 N/cm 2 (Powell et al. 1984 ) and a physiological cross-sectional area of 1.8 cm 2 (Infantolino and Challis 2010) . Motor unit innervation number determined its twitch force amplitude. The total number of muscle fibers was set to 66,000 (Keenan et al. 2006) , and these were exponentially distributed with a 100-fold difference from smallest to largest motor unit, so the majority of motor units generated relatively low forces, as in the original model implementation (Fuglevand et al. 1993) . The motor unit twitch contraction times were inversely related to twitch force amplitude (Fuglevand et al. 1993) . Limb dynamics were simulated based on a modified version of the model of an antagonist muscle pair developed by Oguztoreli and Stein (1982) , in which each muscle consisted of an active force-producing element with a parallel viscoelastic element and a parallel elastic element representing the muscle fiber passive stiffness and viscosity, respectively, and in series with an elastic element representing the tendon stiffness (Fig. 1C) . The differential equations of the model were solved in MATLAB 2013a with the function "ode45." The two muscles acted in opposing directions on a mass (60 g) representing a finger. Optimal muscle fiber length and tendon slack length were set to 30 mm (Infantolino and Challis 2010) .
Tendon stiffness (k T ) is low at low strains () before reaching a higher constant level at strains above 3% (Morgan et al. 1978; Proske and Morgan 1987; Rack and Westbury 1984) and was expressed as
where k T max (the magnitude of the level of constant stiffness) was set to 6.000 N/m. This was based on a generic value of 1.200 GPa/ (Zajac 1989 ) and a tendon cross-sectional area of 5 mm 2 , assuming the muscle cross-sectional area of 180 mm 2 (Infantolino and Challis 2010) and a ratio between tendon and muscle cross-sectional area of 1:35 (Cutts et al. 1991) .
T is the tendon strain expressed as a fraction of slack length.
Muscle passive tension (K) was estimated based on the following equation (Magid and Law 1985) :
where E 0 is the initial elastic modulus, ␣ an empirical constant (set to 5), and m the muscle fiber strain expressed as a fraction of the optimal length. The generic value of E 0 was 2.6 ϫ 10 Ϫ3 N/mm 2 (Magid and Law 1985) . Muscle tissue viscosity (B M ) was set to match the low-pass filtering characteristics of the wrist (Prochazka et al. 1992) , where a cutoff frequency of 2-3 Hz was identified. This was recreated in the model with low-pass filtered (cutoff frequency 4 Hz) white noise representing force (Baldissera et al. 1998) as the input to the mechanical model and B M set to 1.5 N·s/m (illustrated in Fig. 2) . Simulation paradigms and analysis. The primary simulation paradigm was a contraction maintained for 2.5 s at which an external force was applied to the mass representing the limb being perturbed after 1.5 s (where the system had reached a steady state). The parameters determining the contraction characteristics and the perturbation amplitude were systematically varied. Two levels of descending input (background excitation) to the motor neuron population were simulated (low: 4 nA and high: 8 nA). This descending input was either projected to the agonist motor neuron population only (no cocontraction) or equally to both populations (cocontraction). In addition, three gains for the afferent feedback were applied: zero (no afferent feedback), low, and high gain (see details in Spinal neuron population). The external force imposed to perturb the system was simulated as a 100-ms Blackman-Harris window. Three perturbation amplitudes were simulated: no perturbation, low perturbation (peak amplitude of 6ϫ muscle MVC), and high perturbation (peak amplitude of 12ϫ muscle MVC). All combinations of these simulation settings were simulated and repeated three times, yielding a total of 108 individual simulations.
To illustrate the impact of afferent input with different gains on the motor neuron populations, a series of simulations was performed in which synchronized action potentials were imposed on varying amounts of Ia fibers to quantify the evoked homonymous excitation and heteronymous inhibition of the motor neurons (number of motor neuron action potentials evoked 9 -14 ms after the synchronous action potentials). These simulations were performed with either low or high afferent gain and low and high descending input imposed on both muscles (cocontraction). The synchronous activation included 4, 14, 24, 34, 44, or 54 (all) Ia fibers, respectively, and were imposed with an average interval of 600 ms. Each condition was repeated four times (a total of 16 simulations).
In the analysis, the relations between the simulated data were investigated by linear regression and the muscle stretches induced by external perturbations across simulation conditions were compared with a paired t-test. In addition, the common drive coefficient was calculated as the value at the peak of the cross-correlation function in Ϯ50 ms of zero time lag of low-pass filtered (Ͻ6 Hz) motor unit spike trains within and across the two populations (De Luca et al. 1982) .
RESULTS
First, we present representative results demonstrating in a representative way the prediction capacity of the different parts of the model as well as an example of the simulation scheme that was the basis for the analysis. The analysis itself was divided into two parts focusing on the impact of neural strategy on the stability in steady and perturbed contractions, respectively. Figure 2 depicts the characteristics of the biomechanical and synaptic properties of the model. The filter characteristic of the mechanical system ( Fig. 2A) was similar to the filtering characteristics demonstrated experimentally for the wrist (Prochazka et al. 1992 ; see their Fig. 3 ). The synchronous synaptic input from an increasing number of Ia fibers involved a steady increase in the recruited motor neurons of the agonist (homonymous) muscle (Fig. 2B) . At low numbers of activated Ia fibers, a high background excitability (descending input) implied a higher motor neuron response, whereas the afferent gain constrained the total number of motor neurons activated when all Ia fibers contributed to the input. This behavior is qualitatively similar to that generally observed in H-reflex studies (Schieppati 1987) , except for the fact that the reflex response did not decline at high stimulation levels due to antidromic collisions in motor axons, as no action potentials were simulated on alpha motor fibers. The condition with low afferent gain implied an average reduction in the number of recruited motor neurons of 38.7% with respect to simulations with high gain. This corresponds well to the reduction in the (Nielsen and Kagamihara 1993) , 40 -60% (Nielsen and Kagamihara 1992) , 40% (Perez et al. 2007) ]. In the antagonist (heteronymous) muscle, the Ia input generated a decrease in the baseline motor neuron activity (Fig. 2C) . At low descending inputs the normalized effect of this inhibition was more variable because of the low number of recruited motor neurons, but across all conditions the magnitude of the inhibition increased with the magnitude of the input (number of recruited Ia fibers) and the afferent gain. Similar to experimental observations, the probability of a motor neuron discharge was decreased by ϳ50% because of this reciprocal inhibition (Wargon et al. 2006) . Figure 3 compiles the simulated length of the agonist musculotendon segment in 18 conditions; each panel represents conditions with different afferent gains (Fig. 3A: no afferent input; Fig. 3B : low gain of afferent input; Fig. 3C : high gain of afferent input), and for each of these gains simulations with and without cocontraction are shown. Across all these simulations, high background excitation of the motor neuron populations was used, implying a contraction level of ϳ30 -35% MVC in the majority of cases. In comparison, the contraction levels were in the range 5-10% MVC in the simulations with low background excitation. The simulations with cocontraction are characterized by small changes in the offset of the musculotendon length with respect to its slack length (Ͻ2%), while the agonist muscle force implied a substantial shortening of the musculotendon segment (8 -12%) when the antagonist muscle was relaxed (no cocontraction). Finally, in each of these six conditions, perturbations with different amplitudes were imposed, beginning at 1.5 s. Several observations can be made from these simulations. First, the baseline variability of the musculotendon length varies depending on the simulation conditions. For example, simulations without afferent feedback (Fig. 3A) were more stable than those with high gains of the afferent feedback (Fig. 3C) . Furthermore, the impact of the perturbation varied across conditions in terms of amplitude of the evoked stretch as well as the time it takes to return to the baseline level. In the following, these aspects are analyzed in detail. Steady contractions. In the simulations with low background excitation of the motor neuron pool the average discharge rates of the agonist motor units were in the range 5-15 pps, whereas they were in the range 17-23 pps when the background excitation was high. In the simulations with cocontraction the motor unit activity was similar across the two populations. The highest average discharge rates were achieved in the conditions with high afferent gain. These values of average discharge rate were highly correlated to the number of active motor units (r 2 ϭ 0.92), which spanned the range 60 -160 (of the total number of 180 motor units), and the earliest recruited motor units exhibited the highest discharge rates [onion skin phenomenon (De Luca et al. 1996) ]. When no cocontraction was simulated, a low level of coactivation (10 -25 motor units recruited) was present at the high contraction level when the afferent gain was low. When the afferent gain was high, however, the number of motor unit action potentials in the antagonist muscle relative to those in the agonist muscle reached 70 -80%, since the Ia input to the motor neuron pool of the passively stretched antagonist muscle was very high. This implied a stiffer mechanical system and in some cases a prolonged time to reach a steady musculotendon length (see Fig. 3C ), somewhat resembling the behavior observed in spasticity (Dietz and Sinkjaer 2007) . Across all simulations, the average discharge rates of the muscle spindle and Golgi tendon organs were in the range of 2-40 pps and 2-20 pps, respectively. These afferent discharge rates were related to the motor unit discharges rates (Ia: r 2 ϭ 0.62; Ib: r 2 ϭ 0.86). Figure 4 shows the variability in the length of the agonist musculotendon segment across the different simulation conditions. By comparison of Fig. 4 , A-C, it is clear that increasing the afferent gain increases the variability of the musculotendon segment length. In addition, within each level of afferent gain, the simulations with cocontraction were more unstable than those without. In the simulations without afferent feedback increasing the contraction level implied a higher variability, but this relation was less clear in simulations with afferent feedback. Importantly, it should be noted that the total force acting on the joint was approximately the same with and without cocontraction at similar levels of descending input, as the active force in the no-cocontraction case is matched by a passive force due to the stretch of the relaxed antagonist musculotendon segment. Figure 5 illustrates the underlying determinants of these differences in the steadiness of the musculotendon segment length. First, we considered the total number of motor unit action potentials (sum of both muscles), assuming that high activation levels and thus high forces would generally be more variable than lower levels in absolute units. In addition, we considered the correlation between the forces produced by the two muscles, as highly correlated force variability in the two muscles would cancel each other out with respect to the movement and thus impose a small variability in the musculotendon segment length, and vice versa for the negative correlations. Looking at the simulations without afferent feedback, there was a strong correlation between number of motor unit action potentials and movement variability (Fig. 5A) , whereas there was a small correlation between the forces, implying that this parameter had little impact on the steadiness (Fig. 5D ). When afferent feedback was introduced, however, the force correlation became the main determinant of the steadiness (Fig. 5, E and F) . In these cases, a high negative correlation between the forces was present in many simulations, implying high movement variability. The amplitude of the force correlation was strongly related to the percentage of synaptic input provided by afferents relative to that from the descending drive (low gain: r 2 ϭ 0.71; high gain: r 2 ϭ 0.37). This correlation was explained by an increase in the common drive in parallel with the afferent gain, since each Ia neuron projected to the majority of the motor neurons, and since the behaviors of most muscle spindles were similar. The common drive coefficients were 0.16 Ϯ 0.01, 0.22 Ϯ 0.05, and 0.29 Ϯ 0.08 for zero, low, and high afferent gain, respectively. Conversely, the common drive to the motor neurons across the two populations decreased as the afferent gain increased: Ϫ0.09 Ϯ 0.09 (zero gain), Ϫ0.12 Ϯ 0.11 (low gain), and Ϫ0.25 Ϯ 0.08 (high gain). This directly reflects the fact that the musculoten- don segments were physically connected (see Fig. 1 ); one cannot shorten unless the other lengthens. Because of the high stiffness of the tendons, this was also the case for the muscles themselves. Reflecting primarily muscle lengths, the Ia input to the two motor unit populations was therefore negatively correlated when movement of a certain magnitude involving active contraction of both muscles took place. This effect was further enhanced by reciprocal inhibition. In this way, higher levels of afferent contribution (largely common to all motor neurons of the population) to the motor neuron input determined a more variable movement. The relative amount of afferent input was 15-30% at low afferent gain and 35-50% at high afferent gain, explaining the decrease in steadiness along with afferent gain (Fig. 4, B and C) . In addition, in simulations with the same contraction level and afferent gain, the motor units had a higher relative afferent input at cocontraction (5-9 percentage points higher), contributing to the higher common drive and thus the variability in simulations in these cases (Fig. 4) . Similarly, the higher variability at low contraction levels observed in some cases was due to an afferent contribution 3-12 percentage points higher than at high levels. In summary, the relative contribution of afferent feedback to the motor unit populations entraining common fluctuations in the motor neuron outputs (positively correlated within motor neuron populations and negatively correlated across populations) was the primary determinant of the variability of the musculotendon segment lengths. As a result, steadiness (inverse of the variability of the length of the musculotendon segment) decreased when the afferent gain increased and when both muscles contributed actively to a high degree to force acting on the joint (cocontraction).
Contractions with perturbations. Figure 6 depicts one perturbation and its neural and muscular response in a simulation with high background excitation of both motor neuron pools (cocontraction) and a low afferent gain. The bell-shaped time course of the perturbation is illustrated by a shaded gray bar. The externally applied force immediately triggers a stretch of the musculotendon segment of ϳ2% of its slack length, after which this segment shortens (Fig. 5A) . In response to this stretch, the muscle spindles generate ϳ155 additional discharges with respect to their steady-state activity over a period of 140 ms starting from the onset of the perturbation (Fig. 5B) . This additional excitatory input to the motor neurons triggers a brief increase in the motor neuron activity (55 above baseline) after a certain delay equivalent to the conduction time of the Ia afferent fibers. This implies that the increase in the motor neuron excitability due to the perturbation was relatively modest, as ϳ140 motor neurons were active (discharge rates Ͼ 10 pps) during this contraction. The increased motor neuron excitability was evenly distributed across the motor neurons; however, the resulting increment in single-motor unit force was Ͼ50-fold higher in the 45 largest motor neurons compared with the 45 smallest. This implies that the increase in muscle force generated in response to the perturbation (ϳ5% MVC) could be attributed to the large motor neurons. This observation can be explained by the fact that the forces produced by small (low twitch) motor units were at or near complete fused tetanus, precluding the option of producing additional force. Conversely, the forces produced by the larger (high twitch) motor units were unfused, meaning that the additional motor unit activity led to a large increment in force. This observation can be generalized to contractions with other background excitations of the motor neuron pool, but the range of affected neurons would change accordingly. The fact that the increment in force in response to the perturbation was generated by a relatively small subset of the motor units meant that, on average, an equivalently small proportion of the 10 -20 muscle fibers inserting into each Golgi tendon organ exhibited an increase in force. For this reason, the Golgi tendon organs of the contraction shown in Fig. 6 did not substantially alter their activity in response to the perturbation. This was the case in all simulations with high background excitation levels. In the simulations with low background excitation, only a few motor units were at complete tetanic fusion, implying that a measurable response in the Golgi tendon organ was sometime present. However, even in those cases, this response had only little impact on the motor neuron activity, in part because of the low number of Golgi tendon organs per muscle.
Across all simulations, the amplitude of the external force applied to perturb the system determined the stretch of the musculotendon segment (Fig. 7, A-C) . Increasing the afferent gain led to statistically significant reductions in the stretch induced by the perturbation in three of four cases. In the case of high perturbation amplitudes, a high afferent gain implied a 39% reduction of the stretch (Fig. 7A) . Increasing the stiffness of the system by increasing the contraction level implied a significant reduction (30%) only when the perturbation amplitude was high (Fig. 7B) . Whether this stiffness was achieved by active forces (cocontraction) or by an active force acting against the passive force of the stretched antagonist musculotendon segment did not influence the stretch induced by the perturbation (Fig. 7C) . The statistically insignificant increase in the perturbation amplitude was attributed to the lack of reciprocal inhibition in simulations with zero afferent gain as well as a tendency toward the perturbation being reinforced by the inherent instability in the simulations with cocontraction (Fig. 4) . The single most efficient simulation setting to compensate for the high-amplitude perturbation (stretch: 1.9%) was with high contraction level, no cocontraction, and with high afferent gain.
Across all simulations with afferent feedback, the amplitude of the Ia afferent response (in number of action potentials above baseline) to the perturbation was linearly related to the amplitude of the stretch (Fig. 7D) . On average, this Ia input triggered 42.9 Ϯ 30.7 (low afferent gain) and 60.9 Ϯ 39.2 (high afferent gain) additional motor unit discharges in response to low perturbation and 66.5 Ϯ 46.1 (low afferent gain) and 101.6 Ϯ 40.8 (high afferent gain) in response to the high perturbation. Accordingly, Fig. 7E shows the relation between the magnitude of the afferent response and the excess force generated by the increase in motor unit activation. When the two different gains of the afferent input were considered separately, linear relations with some variability, in part due to force-length and force-velocity properties, were observed. The relatively low r 2 value for the high afferent gain indicates that the estimate of the force response due to reflex was contaminated by the high fluctuations in force in this case (Fig. 4C) . When low afferent gains were simulated the average force response was 5.0 Ϯ 2.1% MVC generated by 156.4 Ϯ 100.0 Ia action potentials, whereas only 70.7 Ϯ 38.4 Ia action potentials produced a force response of 8.5 Ϯ 4.2% MVC with a high afferent gain. This indicates the circular dependence between muscle stretch and the magnitude of the afferent feedback. The magnitude of the stretch determined the afferent response, which in turn dampened the later stages of the perturbation, thereby limiting the muscle spindle activity. This dampening was more pronounced when the impact of the afferent input was high (Fig. 7A) . Fig. 7 . A-C: magnitude of the stretch of the musculotendon segment imposed by the perturbation as a function of the afferent gain (A), the amplitude of the descending input (B), and whether this input is projected to 1 or both muscles (cocontraction; C). D and E: the Ia afferent response across the different amplitudes of the stretch induced by the perturbation (D) and the relation between the magnitude of the Ia afferent response to the perturbation and the resulting force amplitude at low (black circles) and high (gray circles) afferent gain (E). *Statistically significant difference (P Ͻ 0.05).
Besides the magnitude of the muscle stretch induced by the perturbation, the quality of the reflex-based compensation was assessed by the rise time of the stretch and the ability of the compensatory muscle activation to bring the musculotendon segment length back to its preperturbation baseline (postcompensation length) (Fig. 8) . In general, the inclusion of afferent feedback reduced the rise time of the stretch (Fig. 8, A and B) . When the simulations with low and high background excitation were considered separately, only the rise time in contractions with low background excitation was reduced by an increase in the force response. In contractions with high background excitation the stiffness of the system was high because of either active muscle contractions of the antagonist muscles (in simulations with cocontraction) or active contractions and tension due to passive stretch of the relaxed antagonist muscle (in simulations without cocontraction). In this way, the stiffness, when sufficiently high, was the limiting factor of the stretch rise time, whereas the strength of the reflex response determined the stretch duration when the musculotendon system was more compliant.
After the perturbation, the musculotendon segment length returned approximately to baseline in the simulation without afferent feedback and without cocontraction, whereas adding cocontraction implied an imperfect return to the baseline ( Fig.  8C ; see also Fig. 3A ). This was due to the fact that the compensatory movement was due not only to the lengthdependent passive resistances (K M and K T in the scheme of Fig. 1 ) but also to the active contractile element (F M ). This implied that the stiffness of the system was not exclusively length dependent and the system could reach an equilibrium in a broad range of musculotendon lengths. When introducing afferent responses to the perturbation, the overshoot with regard to the baseline length increased linearly with the force response magnitude (Fig. 8D) . In this way, the musculotendon length after the compensation for the perturbation approached the baseline level for simulations with cocontraction as the compensatory force increased. Conversely, in the simulations with no cocontraction, in which the no-afferent case yielded an optimal return to musculotendon segment length baseline after the perturbation, an overshoot gradually evolved.
In summary, the magnitude and the duration of the stretch of the musculotendon segment due to an external perturbation decreased when a high gain of the afferent feedback was imposed and when the total force acting on the joint was high. A high afferent gain, however, implied a tendency toward overshoot in the postperturbation musculotendon length that could be alleviated by cocontraction of the muscles.
DISCUSSION
The CNS can stabilize a joint by increasing its stiffness via an increase in the total force acting on the limb to minimize the impact of external perturbations. At the same time, stretchsensitive spinal reflexes can generate rapid, compensatory muscle activations as a direct response to a perturbation. The computational, neuromechanical model presented in the present study reflected both of these neural strategies and demonstrated their effectiveness (Fig. 7) . However, the results also predicted that combining these two strategies has an undesired effect on the steadiness of the motor output. An effective reflex response to a perturbation requires a certain synaptic gain of the feedback loop at the spinal level, which implies a constant common input to the motor neurons reflecting the background activity of the muscle spindles. Reciprocal inhibition and the mechanical connection between the dynamics of the two muscles imply negatively correlated synaptic inputs to the two motor neuron populations. When both muscles are active, these negatively correlated inputs constrain a negative correlation of the output of the two motor neuron populations and accordingly of the muscle forces, implying low steadiness. A similar resonance phenomenon has previously been suggested to cause physiological tremor output (Christakos et al. 2006; Erimaki and Christakos 2008; Lippold 1970) . As clearly demonstrated by the present results, this motor resonance is dramatically increased when both muscles are active (Fig. 4) , as the two antagonist muscles receive negatively correlated synaptic input from the muscle afferents (Fig. 5 ). This observation indicates that selecting a neural strategy for stability implies a fundamental compromise between being able to generate steady contractions and the effective compensations for perturbations. Although this can be achieved by an increased joint stiffness (increasing the total force acting on the joint), this strategy implies high metabolic costs (Huang and Ahmed 2014) , making it an undesirable long-term strategy. For example, in the simulations, the ability to withstand perturbations achieved by maintaining cocontraction at a force of ϳ30% MVC produced by ϳ150 motor units discharging by up to 20 pps in both muscles can be achieved as effectively by Ͻ200 motor unit discharges above baseline activity producing a brief (Ͻ200 ms) and modest (Ͻ15% MVC) burst of force.
Computational models are in many ways an efficient supplement to experiments to explore the interaction between different parts of the neuromuscular system. The present model compiled a number of previously published models of various relevant physiological/anatomical systems, such as the neurons (Cisi and Kohn 2008) , the musculotendon mechanics (Oguztoreli and Stein 1982) , and the afferent feedback , that were combined in a way supported by a large body of literature. The models were selected to allow characterization of neuromuscular behavior in conditions with rapidly changing excitation levels (due to the reflexive input) with the highest possible accuracy. For example, the model of the muscle spindles included the fusimotor drive from gamma motor neurons , which was not included in previous muscle spindle models (e.g., Houk et al. 1981) . Furthermore, a Hodgkin-Huxley-type neuron model was adopted to ensure a realistic motor neuron output in response to high-frequency input. In pilot simulations (see APPENDIX), we found a considerable delay (Ͼ100 ms) in the motor neuron response to the Ia input when using an integrate-and-fire type model with respect to the Hodgkin-Huxley-type model. Accordingly, a previous study indicated that Hodgkin-Huxleytype models were needed to achieve a phase response similar to that of real neurons (Goroso et al. 2000) . In this way, the developed model provided a framework to systematically investigate how the spinal nervous system and the peripheral mechanical system interact across different conditions. As mentioned in METHODS, the limitations in current knowledge and the diversity of conditions under which this knowledge was obtained imply that the model results reflect generalized, generic muscles and should be interpreted with caution beyond the qualitative, conceptual level. On the other hand, this modeling approach has a number of advantages with respect to experiments, as the parameters of interest can be manipulated while keeping the others constant. For example, systematically varying the synaptic gain would not be possible while ensuring that all other relevant parameters are fixed (e.g., cocontraction level, descending input, gamma motor neuron drive). In this way, the simulation approach enables detailed analysis of the isolated effect of single parameters (e.g., cocontraction) on a highly complex system such as the peripheral/spinal motor system. This property may explain why the present results seem contradictory with respect to the observation that the cocontraction level does not predict steadiness (Burnett et al. 2000; Danion and Gallea 2004; Laidlaw et al. 2002) . Indeed, intersubject differences in the neural strategy selected for that movement (synaptic gain of afferent inputs, variability of descending drive) may have confounded this relation. On the other hand, an obvious limitation of the simulation approach is that it does not include all the relevant physiological mechanisms. At the spinal level, the interneuronal circuits included in the model are simplified with respect to reality (Baldissera et al. 1981; Hultborn 2001; Jankowska 1992) . For example, the simulated results do not account for recurrent inhibition to motor neurons from Renshaw cells. Previous modeling studies have shown that this input reduces the motor neuron population output in the typical tremor band (ϳ10 Hz) (Maltenfort et al. 1998; Williams and Baker 2009) , suggesting that these interneurons may reduce the functional impact of the resonance induced by Ia feedback (Fig. 4 and Fig. 5 ). On the other hand, Renshaw cells also project to Ia inhibitory interneurons mediating reciprocal inhibition, thereby potentially enhancing the opposing behavior of the antagonist motor neuron populations (Baldissera et al. 1981) . Furthermore, such input or the presence of tonic descending inputs to the inhibitory Ia or Ib interneurons (Baldissera et al. 1981 ) may serve to increase the interneuron excitability (in case of inhibitory input), and thus also to increase the inhibition evoked in the motor neurons (Johnson et al. 2012) , thereby enhancing the resonance behavior reported here. On a larger scale, the model reflects only peripheral and spinal mechanisms, and thereby not the impact of the afferent feedback on supraspinal levels of the CNS. Supraspinal motor control functions via internal models combining feedforward and feedback control (Krakauer and Mazzoni 2011; Scott 2004; Shadmehr et al. 2010 ). Long-latency reflexes (Ͼ50-ms delay) reflect, at least in part, the reaction to a mismatch between the expected and actual sensory input (Scott 2012) . Accordingly, this response takes more sensory modalities into account, can affect muscles acting on different joints (Kurtzer et al. 2008; Lacquaniti and Soechting 1984; Soechting and Lacquaniti 1988) , and depends on the characteristics of the task (Scott 2012) . This compensatory reflex needs to anticipate the degree to which the short-latency spinal reflex compensates the perturbation (e.g., return to baseline musculotendon length; Fig. 8 ) to avoid target overshoot. In motor learning (e.g., force fields), the proprioceptive feedback signals the error in the planned movement, thereby driving appropriate adaptations of the internal models of that movement (Wolpert et al. 2011 ). This suggests that, when exposed to an unstable environment, the gain of the supraspinal projec-tions of the Ia afferent feedback must be maintained, if the gain of this input at the spinal level decreases. Interestingly, it has been suggested that the gamma drive increases in unstable conditions to increase the gain of the Ia input to supraspinal centers (presumably increasing the resolution of the error signal), while the synaptic gain at the spinal level is reduced (Llewellyn et al. 1990; Prochazka et al. 1985) . The present study, however, focused on the interplay between the Ia feedback at the spinal level and the steadiness of the motor output. Accordingly, interpretation and application of the results must take this into account and consider how other spinal and supraspinal mechanisms may influence the effects reported here.
The main physiological finding of this study, namely that the CNS selects its strategy by adjusting the level of cocontraction and the afferent gain based on the working condition, is supported by several experimental observations. When exposed to unstable conditions, the cocontraction level typically increases (Llewellyn et al. 1990; Milner 2002; De Serres and Milner 1991; Suzuki et al. 2001) . In tasks demanding precision, an increase in the cocontraction level is accompanied by a decrease in the synaptic gain of the Ia input to the homonymous (Holmes et al. 2015; Llewellyn et al. 1990; Nielsen and Kagamihara 1993; Perez et al. 2007 ) and heteronymous (Nielsen and Kagamihara 1992) motor neuron populations, as well as a decrease in the D1 inhibition (presynaptic inhibition of Ia projections to the homonymous motor neurons by antagonist Ia fibers) (Holmes et al. 2015) . Therefore, the impact of the afferent feedback on the agonist and antagonist motor neuron populations is reduced, although it is possible that an increased gamma drive may increase spindle output and thereby in part compensate for the decreased synaptic gain (Llewellyn et al. 1990; . Baudry et al. (2010) showed that young subjects increased the afferent gain when exposed to a more unstable task, whereas older subjects, who are less able to modulate presynaptic inhibition (Butchart et al. 1993; Koceja and Mynark 2000) , reacted with an increase in the cocontraction level. These observations suggest that cocontraction can be considered a more easily applied strategy that is often the first choice when a subject is exposed to an unknown environment, whereas it is more difficult, but also more desirable because of metabolic costs, to adjust the afferent gains to the appropriate level. This hypothesis is supported by the fact that cocontraction levels decrease over the course of learning a new task (Osu et al. 2002; Thoroughman and Shadmehr 1999) . Simultaneous activation of antagonist muscles, however, not only is a strategy used to achieve stability but is also necessary to perform certain movements. For example, the extensor and flexor carpi radialis are antagonists with respect to wrist flexion/extension but act as synergistic muscles during radial deviation of the wrist (Baudry and Enoka 2009) . This implies that the cocontraction of antagonist muscles and stretch-sensitive afferent feedback should not be considered only as alternative strategies to achieve stability, as they often need to coexist and be tuned to reach the optimal compromise for output steadiness. Finally, it should be noted that long-term exposure to a standardized perturbation (e.g., force fields) involves an adaptation in the supraspinal commands required to complete the given task (Krakauer and Mazzoni 2011; Shadmehr et al. 2010 ) and that modulation of cocontraction level and reflex gains is relevant primarily in the early stages of this process (Hinder and Milner 2007; Milner and Franklin 2005) .
The inherent tendency of stretch-sensitive afferent feedback to generate instability in steady conditions may be in part solved by adjusting the projections of the Ia fibers to the motor neuron population. In some muscles, the synaptic strengths systematically biased toward higher values in larger motor neurons (Binboga and Turker 2012; Mazzocchio et al. 1995; Scutter and Türker 1999; Semmler and Turker 1994) . In the masseter muscle, for example, H reflexes can be elicited exclusively in high-threshold motor neurons (Scutter and Türker 1999) . Because of the recruitment of motor units according to size (Henneman 1957; Milner-Brown et al. 1973) , these motor neurons would not be active during most contractions. In this way, the majority of the force at low contraction levels would be produced by motor units not included in the efferent/afferent closed loop generating motor resonance, and larger motor units would be recruited primarily by reflex actions. In addition, as demonstrated in this study, the primary contribution to the force response of the reflex is from the largest recruited motor units and those previously inactive. Therefore, in many cases the same compensatory effect of the reflex can be achieved by projecting the afferent input to large motor neurons only. This bias of the Ia projections, however, has not been found in all muscles (Awiszus and Feistner 1993; Schmied et al. 1997 ) and does therefore not appear to be a strategy applied throughout the entire musculoskeletal system. Alternatively, the voluntary, descending drive to antagonist muscles during cocontraction could be executed in a way to minimize resonance. For example, the presence of positively correlated common drive to antagonist, intrinsic hand muscles has been demonstrated during cocontraction (De Luca and Mambrito 1987) . This low-frequency common input (indicated by the common drive coefficient) is the main determinant of force fluctuations (Negro et al. 2009 ), which suggests that such a cocontraction strategy may reduce the impact of the variability in the force of each muscle on the net force acting on the joint. The effect of such a common drive would be similar to the more stable case with only one active muscle (Fig. 4) , where the active force is matched by the passive force of the antagonist musculotendon segment, instead of having negatively correlated forces due to the input from the afferents. In this way, a common drive would not only simplify the task of the CNS when controlling two muscles but would also counteract the tendency for the activity of the two muscles to be entrained in a negatively correlated pattern induced by the afferent feedback. The fact that correlated input to antagonist muscles (short-term synchronization) has been observed in both the lower and upper limbs of humans (Farmer et al. 1998; Hansen et al. 2001; suggests that this may be a common strategy to reduce this resonance.
The motor neurons receive a continuous bombardment of excitatory and inhibitory inputs from thousands of synaptic connections (Berg et al. 2007; Faisal et al. 2008 ), which constrains a certain level of variability in their output (Moritz et al. 2005) . However, only the component of this variability that is common among a sufficiently large proportion of the active motor units is reflected in the force (Dideriksen et al. 2012; Farina et al. 2014; Negro et al. 2009 ). The common input to the motor neurons is classically quantified as the common drive and has been demonstrated across several muscles (e.g., De Luca et al. 1982; Mochizuki et al. 2006; Semmler et al. 1997) . This common input is believed to reflect relatively slow conscious compensatory adjustments in the descending drive (Baweja et al. 2010; Loram et al. 2011 ), but in the present simulations the common drive was driven exclusively by afferent feedback. This was possible because each Ia fiber projects with considerable strength to the majority of the motor neuron population (Mendell and Henneman 1971; Nelson and Mendell 1978; Watt et al. 1976) . Furthermore, the behaviors of the muscle spindles were relatively similar, as they were simulated based on the dynamics of the whole muscle, with only different gamma inputs to induce a difference in their firing patterns. This may be a simplification, as different intrafusal fibers located differently within the muscle may have some degree of different dynamics despite the fact that connective tissue in the muscle makes muscle fiber movement uniform (Patel and Lieber 1997) . Simultaneous recordings from multiple muscle spindles, however, indicate a high similarity in their discharge patterns (Burke et al. 1978) . In this way the results suggest that the common drive observed experimentally reflects a combination of descending and afferent inputs.
In conclusion, this study presented a novel model reflecting the closed-loop interaction between motor neuron output, muscle movement, and afferent feedback. Simulation results showed that while muscle cocontraction and high gain of the Ia afferent feedback allow effective compensation for perturbations, these two properties increase the instability of steady, unperturbed movements, in particular when combined. This observation likely explains the need for task-dependent modulation of these two parameters when selecting the optimal neural strategy to maintain a stable contraction.
APPENDIX
The simulations of the motor neuron behavior in response to the perturbations (low and high afferent gain and low and high backgrond excitation level; n ϭ 48; see Simulation paradigms and analysis for details) were repeated, substituting Hodgkin-Huxley-type models for integrate-and-fire models. The rheobase currents of the population of integrate-and-fire neuron models were set according to the same exponential distribution as for the Hodgkin-Huxley models, and the same net input was given to each motor neuron. The neural input, however, was scaled so the baseline discharge rate was within Ϯ1 pps of those of the Hodgkin-Huxley models. The outputs of the motor neuron populations in response to the perturbation across the two models were quantified as the delay between the responses and as the correlation between the amplitudes of the responses. The delay was estimated as the index of peak value of the cross-correlation function of the cumulative sum (cusum) functions from the two models (see Fig. 6C for an example of the cusum function).
As shown in Fig. A1A , there was a substantial delay in the response of the motor neurons when simulated with integrate-and-fire models (median delay: 134 ms). In addition, there was a low correlation between the amplitudes of the responses with the two models (r 2 ϭ 0.20; Fig. A1B ). These results are in accordance with those reported by Goroso et al. (2000) that systematically compared the amplitude and phase responses across real neurons and those of different neuron models. Here it was reported that the Hodgkin-Huxley models provided the most realistic response, although both amplitude and phase were slightly overestimated with respect to real neurons. In comparison, integrate-and-fire models underestimated both phase and amplitude, in particular in the frequency range of the response to the perturbation (the mean peak frequency of the cusum was 3.4 Hz). Around this frequency, errors of ϳ50°(phase) and 4 dB (amplitude) were reported. The observed phase difference between the two types of the models in the present study (Fig. A1A) is higher than what was reported by Goroso et al., which may in part be explained by the fact that the response was not restricted to 3.4 Hz but covered a band of several hertz.
In summary, these simulations and the results of Goroso et al. strongly indicate that a Hodgkin-Huxley model is needed to provide an accurate description of the motor neuron behavior. This is particularly relevant in the context of the present study, where the focus is on the response to rapid changes in the synaptic current due to brief bursts of afferent input. 
